Abstract: Common breast cancer treatment techniques, such as radiation therapy or the surgical removal of the axillary lymphatic nodes, result in several impairments in women's upper-body function. These impairments include restricted shoulder mobility and arm swelling. As a consequence, several daily life activities are affected, which contribute to a decreased quality of life (QOL). Therefore, it is of extreme importance to assess the functional restrictions caused by cancer treatment, in order to evaluate the quality of procedures and to avoid further complications. Although the research in this field is still very limited and the methods currently available suffer from a lack of objectivity, this highlights the relevance of the pioneer work presented in this paper, which aims to develop an effective method for the evaluation of the upper-body function, suitable for breast cancer patients. For this purpose, the use of both depth and skeleton data, provided by the Microsoft Kinect, is investigated to extract features of the upper-limbs motion. Supervised classification algorithms are used to construct a predictive model of classification, and very promising results are obtained, with high classification accuracy. 
Introduction
Breast cancer is the most common cancer both in developed and developing regions, representing a total of 23% [1] . Nevertheless, due to effective earlier diagnosis methods and effective adjuvant therapies, the mortality rate is about 27% in the more developed regions [1] . These high rates of long-term disease survival indicate that a large proportion of patients needs to live daily with the consequences of the treatment. Consequently, the interest in the psychological adaptation and quality of life (QOL) of women after treatment has been growing.
About 25% of women diagnosed with breast cancer present cancer cells in the axillary lymph node system [2] . In these cases, treatments can include the clearance of axillary lymph nodes or axillary radiotherapy. Both of these procedures may cause serious damage of shoulder function and interruption of lymph drainage of the upper limb, which results in accumulation of lymph in the arm tissue (lymphedema) [3] . Therefore, several upper-limb problems are normally verified in these patients, including restricted shoulder mobility, lymphedema and arm/shoulder pain. According to the study of Nesvold et al. [4] , at a five-year follow-up, the prevalence of arm/shoulder pain is 30% to 40%, of lymphedema 10% to 15% and of restricted arm/shoulder mobility 15% to 30%. These upper-body morbidities are highly correlated with decreased QOL, since they disrupt valuable daily life activities [5] . Furthermore, they can be considered as an aesthetic problem [6, 7] . However, there is no clinical standard for the diagnosis of these problems, and the methods currently used are non-practical for clinical settings and have problems regarding the lack of objectivity or inaccuracy.
An objective evaluation of the upper-body motion restrictions can be a helpful tool in the determination and quantification of these sequelae related to breast cancer treatment. This functional evaluation is essential to identify which procedures have the least morbidity associated. Moreover, with an early identification and diagnosis of impairments, therapeutic interventions can lead to greater success in managing upper-limb morbidity, with improved outcomes for breast cancer survivors [8] . Thus, the lack of a practical and standard clinical tool in this area leads to the need for a simple, accurate, low-cost and reproducible method for the assessment of the upper-body function (UBF).
An early diagnosis of upper-limb impairments is also important to have an identification of adequate therapies that can lead to greater success in managing functional morbidity, as well as the prevention of progression, with improved outcomes and QOL for breast cancer survivors. The benefits of physiotherapy and physical activity on the recovering of upper-extremity range-of-motion (ROM), strength and function for women's QOL have been well documented [9] [10] [11] [12] [13] . Therefore, a comprehensive model of care to identify exercise prescription and to guide the rehabilitation of breast cancer-related physical impairments would be also useful.
The present work proposes an effective method for the objective evaluation of the upper-body functional status, suitable for breast cancer patients. For this purpose, the use of low-cost equipment, the Microsoft Kinect (Microsoft Corp., Redmond, WA, USA), which provides RGB and depth data and allows a simplified skeleton tracking, is investigated. With this system, features of the patients' upper-limb motion were extracted, and a predictive classification model was built using supervised classification algorithms. The results obtained were very promising, which indicate that the methodology proposed is efficient in the evaluation of the UBF status in breast cancer patients. The work presented in this paper is an extension of research available in the article [14] .
The paper is organized as follows: Section 2 presents a review of all of the topics related to upper-body functional assessment. Section 3 provides some insights and describes the developed methodology regarding the proposed system. The main results obtained can be consulted in Section 4. Finally, Section 5 serves as a conclusion to the present research.
Related Work
Decreased UBF caused by breast cancer treatment is correlated with a higher arm volume (edema) and restricted ROM. Despite its influence on women's QOL, there is no clinical standard for the diagnosis of these impairments. Moreover, current technologies are not suitable for clinical settings and have problems of accuracy and reproducibility.
Upper-Limb Volume Measurements
Lymphedema is one of several morbidities that adversely affect the upper-body function status of breast cancer patients. It is regarded as an incurable, progressive, disfiguring and disabling disorder [15] . Only an early detection of edema indicators allows an early intervention, reducing the risk of chronic lymphedema [16] .
Ideally, edema evaluation should be performed by the comparison between measurements of the limb before and after the treatment. However, there is no habit for performing these examinations before the surgery; thereby, bilateral limb comparisons are usually made [17] .
Traditional Methods
Common methodologies currently used for lymphedema detection include water displacement, circumference measurements, bioelectrical impedance spectroscopy (BIS) or imaging techniques (see Table 1 [18] [19] [20] [21] [22] ).
When performed properly, water displacement is accurate [20] ; still, it is time consuming, non-portable and non-hygienic [19] . Regarding the multiple circumferential measurements, sources of error arise from the assumption of the circular cross-section of the limb [20] . Additionally, arm circumferences can be obtained with the use of a Perometer R [21] , with reliable and highly-reproducible measurements [19] , but the size and the cost of the equipment limit its usability.
Imaging techniques, such as computed tomography (CT), are also used to evaluate limb swelling [22] , but they require equipment that is not commonly available in clinics. On the other hand, BIS has been previously well described as a lymphedema measure [20] . Nevertheless, this method involves the use of several electrodes placed along the arm, which leads to a high lifetime operational cost. Some of the methods described above can provide an objective and accurate measure of the limb volume; however, they are time consuming, complicated or expensive. In this way, research is being done to test the application of the arising three-dimensional (3D) technologies on body volume estimation. Low-cost, non-invasive and easy-to-use 3D body-surface scanners are transforming the ability to accurately measure the body size, shape and skin surface area. These features make them appealing for widespread clinical applications. In recent years, several authors [23, 24] validated the used of these systems for limb volume assessment. Examples, as the case of Polhemus FastSCAN TM and the Insignia TM laser scanner, are reported. These methods combine precision and reproducibility; therefore, they may be useful to measure lymphedema. Nonetheless, they are expensive devices and are quite difficult to handle by non-professionals. On the other hand, Lu et al. [18] explored the use of a low-cost system, the Microsoft Kinect, for arm modeling and volume measurement. However, the proposed method is quite complex, since it depends on gyroscopes and accelerometers attached to the sensor.
Upper-Limb Motion Evaluation
The assessment of functional status after breast cancer treatment should also give attention to UBF impairments, activity limitations and participation restriction, deduced fromlimited shoulder ROM. In that way, as for edema detection, there is a need for an objective, reproducible and low-cost method for the evaluation of upper-body motion.
Subjective Methods
Normally, UBF evaluation relies on subjective measurements of patients' experiences and function limitation [25] . Thus, several generic self-report questionnaires have been developed to capture the effects of injury on the upper-body function (see Table 2 [25] [26] [27] [28] [29] ). Specific scales for UBF assessment include the Patient-Specific Functional Scale (PSFS) [26] , developed as a clinical measure of functional status limitations related to the effect of a treatment/intervention. The Disabilities of the Arm, Shoulder and Hand (DASH) scale [27] , in turn, was designed to measure physical function and symptoms in patients with any disorder affecting the upper extremities. This self-report covers symptoms, such as pain, weakness and numbness, and the degree of difficulty performing several tasks [25] . The Upper Extremity Functional Index (UEFI) [28] aims to evaluate patients' upper-extremity functional status in a variety of activities. On the other hand, Kwan's Arm Problem Scale (KAPS) [29] was developed to identify shoulder and arm problems in breast cancer patients, including arm/shoulder motion, pain, stiffness, swelling and impairments with respect to performing daily activities. Although easy-to-use and useful to provide reference data, subjective methods are generally not accurate and have problems related to impartiality and poor reproducibility.
Objective Methods
For the objective assessment of upper-extremity functional limitations, there are several methods that include tests of flexibility, strength and endurance. From these tests, the most common for the evaluation of UBF in breast cancer patients is goniometry [30] , used to assess active and passive shoulder ROM in all planes. Comparing measurements of the affected and unaffected limb, it is possible to detect restricted mobility or impaired shoulder function. Other approaches can include the use of isometric and isokinetic dynamometry and/or maximal performance of a set of tasks/exercises using the repetition maximum method [31] . Therefore, strength and endurance can be measured by means of an incremental exercise protocol where each stage lasts one minute in duration and increments are made by increasing speed of movement and weight held [31] . On the other hand, the assessment of the grip strength with a standard hand dynamometer can also be relevant, since this is an important requisite for good arm function [31] . However, the use of these methods is not a clinical standard in breast cancer, and so, its sensitivity to functional limitations related to the treatment is not well known.
Summary
As can be verified in this section, methods of the assessment of upper-body functional status are non-practical for clinical use, time consuming, not reproducible and/or not accurate. Therefore, the lack of a practical and standard clinical tool in this area leads to the need for a simple, portable and objective system for the assessment of UBF in breast cancer patients. Recently, advances in 3D image acquisition technologies have made them an attractive tool with potential applications in this field.
An Upper-Body Function Evaluation System
This paper addresses the development of a Kinect-based system for the evaluation of the upper-body function. For this purpose, Microsoft Kinect capabilities are used, to extract features that characterize the upper-limb motion. In this manner, this work included the development of a database of breast cancer patients acquired using the Kinect device. This database comprises color, depth and skeleton data of the patients performing adduction and abduction movements of the upper-limbs. The complete medical information is available for each patient, including the ones diagnosed with lymphedema and data regarding the type of treatments used.
The proposed system can be implemented as a sequence of a few high-level operations (see Figure 1 ). Firstly, an effective segmentation of the patient was accomplished, combining the skeleton information and the depth data. Furthermore, using the patient silhouette and the position of the shoulder and elbow joints, it was possible to perform the detection of the arm contour, important for the extraction of a movement's features. Thereafter, it is possible to obtain features that relate the ROM of both shoulders, the volume ratio, the hand height and width, the elbow flexion and the movement acceleration. Finally, a predictive model is built, using a machine learning methodology, to evaluate the upper-body functional status. 
Depth-Map Noise Reduction
Kinect is able to capture real-time depth maps using an infra-red projector and camera. However, these data present a significant amount of noise-related issues, due to the limits of working distance, occlusions, multiple reflections or scattering. This leads to missing regions and unstable boundaries in depth maps. Thus, this work included the implementation of a method to address the issue of noise around object boundaries. For this purpose, a bilateral filter is used. This type of filter combines a domain kernel (σ d ), which gives priority to pixels that are close to the target pixel, with a range kernel (σ r ), which gives priority to pixels similar to the target pixel [32] . With this approach, it is possible to obtain image smoothing and to preserve edges at the same time.
Patient Segmentation
The conditions of data acquisition are not constant from patient to patient. Ideally, this would be carried out in a uniform background, but occasionally, there is also the presence of outlier objects. Thus, captured images are normally composed of the background (wall) and the patient, but also with non-desirable objects (see Figure 2a,b) . Therefore, global traditional threshold methods, such as Otsu's, are not the most appropriate in this case, as previously verified [33] . In this manner, the available information of the skeleton joints can be very useful, since each joint indicates a position in the depth frame where the body of the patient will be positioned. Thereby, the pixel values in these positions are assessed, and a double threshold can be defined using the maximum and minimum values of intensity. However, using only these thresholds, several points that probably belong to the body will be considered as background (see Figure 2c) . Therefore, a margin of 5% above and below the maximum and minimum, respectively, is used in order to consider all of the objects in the segmentation (see Figure 2d ). Using this double threshold, the patient's mask is successfully obtained. To remove small holes that may be present, a fill holes filter is applied. Further, to get a smoothed body shape, a median filter (11 × 11) is used.
The parameters of the segmentation algorithm were experimentally tuned and based on relative values, which minimizes the influence in the subsequent tasks.
Arm Point Detection
This work also included the detection of the points that delimit the upper arm. This region of the upper limb is bounded superiorly by the shoulder, inferiorly by the elbow and communicates medially with the axilla [34] . In this fashion, there are a set of points that should be found (see Figure 3) : the armpit (A 1 ), the medial (E 1 ) and the lateral (E 2 ) elbow point, the medial shoulder point (S 2 ) and the lateral shoulder point (S 1 ). With this in mind, we start with the detection of the patient contour, accomplished by a morphological dilation of the mask, using a 3 × 3 structuring element, and by an exclusive disjunction operation:
where I M represents the binary body mask, I D the outcome of the dilation and I XOR the resultant silhouette. After this process, we have a set of pixels (the contour), which can be iteratively assessed, in order to find the points of interest. For this purpose, we took advantage of the shoulder and elbow joints given by the Kinect skeleton, represented by a S and E in Figure 3 . To detect the point A 1 , we will search the pixels that are below the point S, since the armpit will always be beneath the Kinect shoulder joint, and select the closer one. Then, the medial elbow point (E 1 ) will correspond to the pixel that is closer to the elbow joint E. To guarantee that the point selected is indeed E 1 , it is only accepted as valid if the line segment A 1 E 1 does not intersect SE. On the other hand, to detect E 2 , a line perpendicular to SE, that contains E 1 is first determined. Then, we search the silhouette pixels that are members of this line. To choose a valid point E 2 , it is guaranteed that SE intersects A 1 E 2 . To find S 2 , we search for the pixel that forms with the shoulder S a line parallel to E 1 E 2 . Besides, the intersection of S 2 E 1 and SE is also a condition. Finally, S 1 will be the point of intersection between E 1 A 1 and S 2 S. This process is done for the right and left arm and repeated at each frame available for each patient. 
Feature Extraction
With the Kinect skeleton data and the upper-arm segmentation, it was possible to perform a selection of features to assess, in order to evaluate the upper-body mobility. Therefore, it is possible to compare between both limbs: the upper-arm volume, the shoulder ROM, the maximum hand height and width, the acceleration of the movement and the elbow flexion. In order to minimize the influence of errors in the previous tasks (e.g., skeleton detection, segmentation and arm detection), with an impact on feature values, median values are used in order to avoid outliers, reducing the impact of the prediction of upper-body mobility issues.
Volume
To assess the volume of both limbs, the depth information is used, since it allows the quantification of the volume ratio between the two upper arms. In this case, a plan of reference of the upper-limb is first determined, and then, the volume is defined as the sum of unit values between the estimated plan and the arm surface (see Figure 4a) . As a reference, the maximum depth value on the arm (which corresponds to the most distant point) is considered, represented by a red block in Figure 4a . Since it corresponds to the most trustworthy arm segmentation, the volume values are only considered for the frames where shoulder ROM is between 45 and 135 degrees. Moreover, only values between a range of 40% of the median are considered, in order to discard possible outliers. An average value of each arm is obtained, and their ratio is computed (µV OL). 
Range of Motion
The decreased ROM of the shoulder is a common consequence observed in patients with limited UBF. This feature can be obtained by measuring the angle between the upper limb and the patient body. In other words, the angle θ between the line segment A 1 E 1 is computed, and the line H 1 H 2 is defined by the head and hip points of the Kinect skeleton (see Figure 4b) . Therefore, the ROM of the right and left shoulder is obtained, for each frame of each patient, and their ratio is computed. From these data, two features are selected:
• the ratio of the maximum ROM, obtained at the maximum height achieved by the hand (maxROM ).
• the average of the ROM ratio along all movement (µROM ).
Hand Height and Hand Width
The reduced motion of the limb can also be detected comparing the hand height and, consequently, the width, that the patient reaches during the movement. Therefore, the x and y coordinates of the hands joints are analyzed, and the shoulder center (SC) joint is used as a reference point. This means that, for all of the frames, the difference between the hand coordinates (x and y) and the SC point is computed, represented, respectively, by the H and W in the Figure 4c . Thereafter, for each frame, the ratio of the y values of both hands is computed, as well as the the ratio of x values. As with the ROM, two features are obtained for the height and the width, for a total of four:
• the ratio of the maximum height achieved by the hand (maxH).
• the width at the maximum height point (maxW ).
• the average of the height ratio along all movement (µH).
• the average of the width ratio along all movement (µW ).
Elbow Flexion
The behavior of the elbow during the abduction/adduction movement was also evaluated. In this way, with the knowledge of the position of the shoulder, elbow and wrist joints, it is possible to calculate the angle between the elbow-wrist (EW ) and elbow-shoulder (ES) lines (see Figure 4d ) and, therefore, to assess the elbow flexion. This angle is obtained for the right and left elbow for each frame, and their ratio is computed. Once again, the average of the ratio values is used as a feature (µElbF ).
Hand Acceleration
The reduced acceleration of the movement can also be indicative of a motion problems, so the dynamics of each limb was also computed (see Figure 5 ). This is accomplished measuring the variation of the hand position over time. The joint chosen was the hand, since it has the biggest variation of position during the movement.
Hence, the instantaneous velocity of motion can be calculated by Equation (2), where T is the sampling interval, n is the total number of frames used to evaluate the movement and x, y, z represent the hand coordinates, in meters. To reduce the generated noise from the environment and small body movements, a low-pass filter with a cutoff frequency of 2 Hz is applied to u inst [n], since the low frequencies are the main interest. In this way, an instantaneous velocity V inst [n] is obtained, with no phase distortion. The instantaneous acceleration of the movement is then defined by Equation (3). Thus, it is possible to compute the average of the movement acceleration for each hand and to extract their ratio as a feature (µAcc).
Classification Models
A total of nine features were extracted (see Table 3 ), which allowed the use of machine learning techniques to build a predictive classification model. Table 3 . Features used in the classification models. The development of the models calls for a gold standard for result comparison (a ground truth, GT). The patients can be divided into two different classes, the ones that present a reduction of upper-limb mobility and the ones that do not notice any significant difference. In this manner, a binary GT is used based on the diagnosis of patients with and without lymphedema, performed by a medical expert. Different supervised learning algorithms were tested: the Fisher linear discriminant analysis (LDA), the naive Bayes classifier and support vector machines (SVMs). In order to explore all of the possibilities and to compare performances, the models were trained and tested for all of the possible combinations of features, which leads to 2 9 different subsets. In this manner, the model was designed using the selected features, considering all of the possible subsets, by means of a leave-one-out (LOO) scheme [35] .
Results

Database
Database Acquisition
The present research depends on the availability of training and testing examples used in the development of the models. Therefore, this research included the collection of training data with the Microsoft Kinect. For this purpose, an acquisition application was developed using the Microsoft SDK. With this application, it is possible to record RGB and depth frames (resolution of 640 × 480 pixels) each 15 frames per second (fps), as well as information of the skeleton joints. In Figure 6 , it is possible to visualize the graphical user interface (GUI) of the developed application, where a color and a depth stream are present. Also, the user is allowed to introduce the patient's name, pertinent comments and to control the Kinect tilt. Moreover, the complete Kinect skeleton can also be visualized, along with a graphical representation of the X and Y positions of a joint chosen by the user. During the protocol of acquisition, the patients are placed at two meters from the camera and asked to perform simple movements of abduction and adduction with the upper limbs (see Figure 7) . In this manner, the acquired data include several color and depth images with a resolution of 640 × 480 pixels, as well as the position of the skeleton joints, while performing those exercises. Currently, the database includes 48 patients, from which 24 present lymphedema.
Database Analysis
A ground truth is needed to build and compare the models. In this case, we use the medical diagnosis of lymphedema for this purpose, since we consider that most patients with UBF restrictions are diagnosed with some degree of lymphedema. To validate this assumption, a subjective evaluation of the patients' upper-body functional status was also performed using the UEFI self-report questionnaire.
This questionnaire consists of 20 items that are rated on a five-point Likert scale and inquires about the patient's current upper functional status in a variety of activities. UEFI was chosen, since it is relatively simple and fast to fill out and has been demonstrated to be valid and sensitive to changes in the breast cancer population [25] . However, this report has weaknesses when the location of the affected limb is on the opposite side of the dominant hand, since the person never used that arm before to perform some of the tasks evaluated. Moreover, there is minimal information available about the scoring, interpretation and functional implications of the results of this self-report. Nevertheless, since the diagnosis of patients with lymphedema is used as the GT for this purpose, the UEFI score can be useful in this study to validate the reference data used to build the classification models. Figure 7 . Example of the data acquired using the Kinect device: color and corresponding depth map frame.
Thus, the patients were divided into two classes according to the threshold 0.6 of the UEFI score ratio, defined taking into account the patients' diagnosis and treatments and resorting to the opinion of a medical expert in breast cancer. In this manner, to better understand the agreement between the evaluation of lymphedema and the UEFI questionnaire, the point-biserial correlation coefficient was assessed (see Equation (4)). This coefficient is a special case of Pearson's correlation in which one variable is quantitative (ratio) and the other variable is dichotomous, as in the present study.
where s n is the standard deviation:
M 1 being the mean value on the continuous variable X for all data points in Group 1 and M 0 the mean value on the continuous variable X for all data points in Group 2. Further, n 1 is the number of data points in Group 1; n 0 is the number of data points in Group 2; and n is the total sample size. Point-biserial values range from −1 to 1, where positive scores closer to one are desirable, since this implieshigher reliability. In this fashion, a correlation score of r pb = 0.538 was obtained, which means that the disagreement between the self-report and the medical diagnosis is relatively low. This result confirms the validity of using the diagnosis of lymphedema as reference data, since these patients are the ones that present higher impairments in the upper-body functional status, as impliedby the UEFI score.
Depth Map Noise Reduction
To remove the noise of the unstable boundaries of the depth maps, a bilateral filter was implemented. With this type of filter, a Gaussian kernel and the intensity difference on the pixel are combined to obtain image smoothing, thanks to the domain component of the filter, preserving edges at the same time, thanks to the range component. The filter was tested with different parameters, varying the domain kernel (σ d ), the range kernel (σ r ) and, also, the window size. It was only possible to perform the evaluation of these methods by visual observation of the patients' point cloud (see Figure 8) . Nevertheless, very interesting results were obtained with σ r = 5, σ d = 15 and with a 15 × 15 window: the filter was capable of smoothing the raw depth data and removed the staircase effect presented in the original depth map. In this way, it is possible to smooth the image and also to preserve the important details. With a small window, the staircase effect is also removed, but the appearance of several artifacts on the depth map is verified. On the other hand, with a σ r excessively high, important features are over-smoothed. 
Patient Segmentation
In order to validate the automatic method used for patient segmentation, a manual segmentation was performed in 48 frames that were randomly chosen, using image editor software. Furthermore, a median filter (11 × 11) was applied for smoothing. Therefore, it was possible to evaluate the automatic method calculating two different similarity indexes: the Dice coefficient and the Jaccard index (see Table 4 , Equations (6) and (7)).
Moreover, the similarity between the two contours of the masks is evaluated by the Hausdorff and average distance. The Hausdorff distance is defined as the maximum distance of a set to the nearest point in the other set (see Equation (8)). Roughly speaking, it captures the maximum separation between the manual and the automatic contours. Consider the sets of points A and B. First, for each point in A, the minimum distance to all points in B is obtained. Then, the directed Hausdorff distance h(A, B) will be the maximum of this set of minimum distances (see Equation (8)). Equation ( Jaccard index (J) Equation (7) Measures similarity between finite sample sets and is defined as the number of attributes shared divided by the total number of attributes present in either of them. Its values range between 0 (no similarity) and 1 (equal).
The results obtained are presented on Tables 5 and 6 . Regarding the Dice and Jaccard coefficients, the indexes are almost one, which means that the proposed method presents a high similarity and a high overlap with the ground truth. The average distance is relatively low, and the Hausdorff distance, which represents the worst case scenario, has an mean around four pixels. In Figure 9 , it is possible to consult the automatic segmentation and the ground truth for different patients. With the analysis of these results, it is possible to say that the method used appears to be valid for the patient segmentation in Kinect depth images. Table 6 . Body and arm contour detection error (pixels) evaluated by the Hausdorff (h) and average distance (Avg). 
Arm Segmentation
For the validation of the method used for upper-arm detection, the upper arms were also manually segmented to have a GT. As with the patient segmentation, the Dice coefficient and the Jaccard index, as well as the average and Hausdorff distances were computed (see Tables 5 and 6 ). The similarity indexes present reasonably good results. On average, the Dice coefficient is around 78%, which represents a relatively high overlap between the ground truth and the detected arm, and a similarity of 65%, represented by the Jaccard index. The average distance presents a mean value of almost five pixels, while the Hausdorff distance has a higher value of around 13 pixels.
With these results, it is possible to conclude that, when compared to the body segmentation, this method is more error prone, but still quite satisfactory (see Figure 10) . It is important to take into account that the manual segmentation carried out in this case is harder to control and operator dependent, therefore a big source of errors. Furthermore, the automatic detection of the arm points is done based on the Kinect skeleton, which can also influence the final result. 
Upper-Body Functional Evaluation
For the creation of a predictive classification model, different supervised learning classifiers were tested: LDA, naive Bayes and SVMs. The models were designed using the extracted features (see Table 3 ), considering all of the possible subsets, by a LOO scheme [35] . Models considering binary classes were trained, classifying the patients with and without UBF impairments. SVM training was performed with linear, polynomial and radial basis function (RBF) kernels. For all of these cases, exponentially-growing sequences of C were tested, from C = 2 −2 until C = 2 6 . For the polynomial kernel, the order varied from two to six, while γ, for the RBF kernel, was tested with: γ = 0.25, 0.5, 0.75, 1.
The classification results can be consulted in Table 7 . For each classifier, the parameters and the set of features that lead to lower misclassification errors are presented. In some of the tests, more than one subset of features obtained the same misclassification error. For those cases, the ones with less complexity are chosen. Furthermore, it is possible to consult the confusion matrix for the models with the best performance (see Table 8 ), as well as the precision, recall and specificity results for all of the classifiers (see Table 9 ). The precision, recall and specificity are defined by Equations (9) (10) (11) , where TP is the true positive values, FP the false positive values, FN the false negative values and TN the true negative values.
Recall(R) = T P T P + F N (10)
Specif icity(S) = T N T N + F P (11) The best performance was verified for the SVM classifier, either with the polynomial or the RBF kernel, with a misclassification error of 0.19. On the other hand, the maximum error was 0.29 for the LDA classifier. As expected, the SVMs classifiers presented better results, since they proved to be a good option when there is a limited amount of data available for training. Regarding now the precision and recall, it is possible to compare, for all of the models, how many of the positive predictions are actually correct (precision) and how many of the positive-labeled instances were actually matched (recall). High precision values were obtained, which is deduced froma big proportion of positive cases that are correctly assigned. However, it can also be noted that the most common misclassification cases are lymphedema patients that are not considered, impliedby a lower recall value. Either way, considering the models with the best performance (polynomial and RBF SVMs), the results are still very promising, since the models have been proven to be capable of performing the correct classification of patients with reduced UBF, overlooking only six cases. As a result, the method developed appears to be a suitable solution for the functional evaluation of the upper body of breast cancer patients. The most common features used in almost all of the selected models are the maxW and the µROM , as well as the maxROM , the µElbF and the µAcc. This means that these features are probably the ones that have a greater influence on the functional assessment.
Overall, with this analysis, it was possible to train and test different supervised classification algorithms (LDA, naive Bayes and SVMs) for all of the possible subsets of features, in order to explore all of the possibilities and to compare the performances. Unfortunately, there is no similar work in the literature to compare the approaches, but the results are still very promising. This notwithstanding, in future work, it would be important to increase the precision of this prediction model to reduce FN classifications. Therefore, the methodology proposed appears to be suitable for the evaluation of the upper-body functional status in breast cancer patients, but improvements are still needed.
Conclusions
Despite its influence on patients' QOL, there is no clinical standard for the diagnosis of the decreased motion of UBF caused by breast cancer treatment. The most reported methods are operator dependent and non-practical for clinical settings, while incorrect use limits their accuracy, and they are non-reproducible.
The main goal of this research was the study of a Kinect-based method for the diagnosis of the UBF impairments, suitable for breast cancer patients. The work included the collection of a dataset, using the Kinect device, composed of patients with normal and decreased UBF. Using the depth and skeleton data available, it was possible to obtain features of the movement performed by each patient and, therefore, to test the behavior of several supervised learning algorithms, in order to build a predictive classification model. The best classification performance was obtained using the SVM classifier, with a misclassification error of 0.19. Therefore, these findings suggest that the methodology proposed is efficient in the evaluation of the upper-body function. It is important to take into account that there is no similar work in the literature, so it is not possible to compare the results with other methods. Henceforth, more research is needed in order to progress in this direction and to validate the results.
After breast cancer treatment, it is essential for women to maintain continuous physical activity in order to recover the upper-limb mobility. In that way, a home-based exercise program is normally recommended, but the patients do not always perform the exercises as they should. This highlights the importance of a surveillance rehabilitation model for breast cancer patients, to promote and support physical activity and exercise behaviors. In the future, we intend to investigate a rehabilitation model using the previously-mentioned method. Taking advantage of the Kinect device, an application could be developed in order to instruct the patient on how to execute the exercises and to perform an evaluation of their performance.
